
Robotic systems fail in the real world in 
ways that are subtle, combinatorial, and 
difficult to enumerate. Prior approaches 
treat failure reasoning as a closed-set 
classification problem that cannot 
generalize beyond predefined failure 
modes. However, rich human annotations 
are expensive to acquire. There is a clear 
need for a system that can perform open-
ended failure detection and reasoning 
under limited supervision.

Research Goal

We aim to build a unified model that jointly 
detects robotic failures and generates rich 
natural language explanations beyond 
predefined failure categories. 
We focus on a heterogeneous supervision: 
large-scale sparse binary detection labels 
and small-scale rich reasoning 
annotations.

Methods Conclusion

ARMOR demonstrates that robotic failure 
detection and reasoning can be unified in a 
self-refining multi-task framework. ARMOR 
achieves SoTA performance with up to 
30% improvement in detection and 100%
improvement in reasoning. Future work 
includes incorporating modalities 
beyond vision, including force torque 
sensing and proprioception as well as 
extending to failure recovery.
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Multistep reasoning qualitative example 1:
Q: In the video, the robot is attempting to transport an 
object from one bin to another. Did the robot 
successfully transport the object? 
Baseline (AHA) Output: No. Grasp Failure.
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Detection Reasoning

We introduce ARMOR (Adaptive Round-based Multi-task mOdel for Robotic failure detection and reasoning), 
a self-refining VLM. (a) We consider large amount of binary detection labels and scarce free-form reasoning 
labels. (b) We adapt a VLM to have multiple prediction heads using the shared representation. (c) We 
finetune the VLM with both offline BC and to refine its own outputs in an online fashion. (d) At inference, we 
roll out multiple refinement turns and pick the final answer associated with the lowest entropy.
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(c) Multitask Sequential Training
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the cover of the book fell off…
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ê

<latexit sha1_base64="mcbuxDXTW9QgPzCOHFrdFyHodyI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZtIvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukfVH1Lqu1Zq1Sv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucP3QeM/Q==</latexit>p x T

Sparse data Dense data

VLM

Offline Imitation

Video x

<latexit sha1_base64="Y1+DhzIrurpN6X9268aNmfharb4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQblilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmrDmZ1wmqUHJlovCVBATk/nXZMgVMiOmllCmuL2VsDFVlBmbTcmG4K2+vE7aV1XvpnrdvK7Ua3kcRTiDc7gED26hDvfQgBYwQHiGV3hzHp0X5935WLYWnHzmFP7A+fwB0/WM7w==</latexit>

l
<latexit sha1_base64="OG91mP62lW4yCydMtsRVHNhzecM=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipiYNyxa26C5B14uWkAjkag/JXfxizNEJpmKBa9zw3MX5GleFM4KzUTzUmlE3oCHuWShqh9rPFoTNyYZUhCWNlSxqyUH9PZDTSehoFtjOiZqxXvbn4n9dLTVjzMy6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6p3U71uXlfqtTyOIpzBOVyCB7dQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AyVmM6A==</latexit>e<latexit sha1_base64="mcbuxDXTW9QgPzCOHFrdFyHodyI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZtIvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukfVH1Lqu1Zq1Sv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucP3QeM/Q==</latexit>p

Online Refinement

<latexit sha1_base64="hXbRoJXw015SIcco3eQYmHrD/2w=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVm9Ekch+ueJW3TnIKvFyUoEcjX75qzeIWRpxhUxSY7qem6CfUY2CST4t9VLDE8rGdMi7lioaceNn82un5MwqAxLG2pZCMld/T2Q0MmYSBbYzojgyy95M/M/rphhe+5lQSYpcscWiMJUEYzJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVH1Lqu1+1qlfpPHUYQTOIVz8OAK6nAHDWgCg0d4hld4c2LnxXl3PhatBSefOYY/cD5/ADG2juQ=</latexit>

l̂
<latexit sha1_base64="JQEY/g/bP9DENMgT+7QFvTAidew=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVm9EkfB+ueJW3TnIKvFyUoEcjX75qzeIWRpxhUxSY7qem6CfUY2CST4t9VLDE8rGdMi7lioaceNn82un5MwqAxLG2pZCMld/T2Q0MmYSBbYzojgyy95M/M/rphhe+5lQSYpcscWiMJUEYzJ7nQyE5gzlxBLKtLC3EjaimjK0AZVsCN7yy6ukdVH1Lqu1+1qlfpPHUYQTOIVz8OAK6nAHDWgCg0d4hld4c2LnxXl3PhatBSefOYY/cD5/ACcajt0=</latexit>

ê
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Introduction

Figures and Results
ARMOR Refinements  (R: refinement round): 
R1: I observe the robot's arm or gripper making an 
unintended forceful contact with objects in the 
environment. The impact is clearly visible as the robot's 
smooth trajectory is disrupted when it strikes either the tote 
wall, other items, or surrounding structures
R3: I see that the robot has successfully picked up the 
book from the source location, but the cover of the book 
fell off, causing damage to the item and failure to the 
operation.

Multistep reasoning qualitative example 2:
Q: In the video, the robot is attempting to pick up a 
hockey stick. Did the robot succeed at the subtask?
Baseline (AHA) Output: No. Offset along the y-axis.

ARMOR Outputs  (R=round outputs): 
R1: No, The robot gripper moved with an offset along the y
direction.
R2: Yes, The robot fails to close the gripper.
R3: Yes, The robot succeeded at the sub-task.
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Ablation study results showing the contribution of each component in ARMOR.
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Table 2: Ablation of ARMOR’s components. Each row shows the impact of different stages on detection
accuracy and reasoning quality. ARMOR combines all components to achieve the best overall performance.

Ablation Offline Offline Expert Online Refinement Detection / ReasoningWarmup Condition Imitation (Inference)
Multitask Prediction ✁ ✂ ✂ ✂ 0.897 / 0.460
Refinement Only ✁ ✂ ✂ ✁ 0.803 / 0.488
Offline Imitation Only ✁ ✁ ✂ ✁ 0.853 / 0.658
Online Imitation Only ✂ ✂ ✁ ✁ 0.850 / 0.683
ARMOR (ours) ✁ ✁ ✁ ✁ 0.917 / 0.718

Datasets. We evaluate on four datasets across different domains. The first two come from the AHA
paper (Duan et al., 2025): RLBench-Fail and Maniskill-Fail. These contain simulated tabletop
manipulation tasks such as “putting the trash in the bin” or “inserting the peg in the hole,” where
failures are induced by perturbing a scripted policy with specific failure modes (e.g., “the robot did
not close its gripper”). Following AHA’s official codebase, we generate the failure datasets and split
them into dense labels (with failure modes) and sparse labels (without). We refer readers to the
AHA paper for further details. Sparrow-Fail and ARMBench (Mitash et al., 2023) are from real
warehouse operations; both are collected with a robotic manipulator transporting objects between
containers with heterogeneous contents. Failures in these datasets are more diverse and nuanced,
with sparse labels obtained from system logs and dense labels from human annotators.
Baselines. We compare against three state-of-the-art open-source VLMs—Qwen2.5-VL (Bai et al.,
2025), Cosmos-Reasoning (Azzolini et al., 2025), and LLaVA-NeXT (Zhang et al., 2024a)—as
well as one proprietary model, Claude-3.7 (with few-shot prompting). For fine-tuning baselines,
following prior work (Duan et al., 2025), we evaluate supervised fine-tuning on dense data only
(SFT-D), on both dense and sparse data (SFT-S+D). Unless otherwise specified, all open-source
VLMs and ARMOR use 7B model variants.
Metrics. We report Binary Success Rate for detection, LLM Fuzzy Match (semantic similarity) and
ROUGE-L (longest common sequence) for reasoning. Differ from AHA (Duan et al., 2025), we
compute the LLM fuzzy score only on the reasoning part to prevent detection result from affecting
reasoning metrics. Details on the datasets, baselines, and metrics are provided in Appendix B

5.1 FAILURE DETECTION AND REASONING PERFORMANCE

[Q1 & Q2] Table 1 shows that ARMOR achieves the highest scores in both binary detection and rea-
soning quality across all datasets. Prior fine-tuning approaches suffer from the dataset imbalance:
SFT-D only leverages the limited dense data and produces suboptimal results, and SFT-S+D treats
dense and sparse data as the standard next token prediction task, which often causes the model to
overfit to the sparse data while failing to produce meaningful reasoning, leading to inferior perfor-
mance. Open-source VLMs such as Qwen2.5-VL and Cosmos-Reasoning cannot perform beyond
random guessing (50% accuracy), suggesting that generic instruction-tuned VLMs requires align-
ment for failure reasoning. Proprietary VLMs like Claude achieve stronger overall performance,
especially with few-shot prompting, but still fall short in performance to ARMOR in most tasks.

[Q3] We combine sparse data from RLBench and dense data from Maniskill and evaluate in Man-
iskill (R→M) to study small distribution shifts, where they differ in embodiment and workspace
setup. For large distribution shifts, we combine sparse data from Sparrow and dense data from
ARMBench (S→A), where they differ in both workspace setup and failure reasoning. In R→M,
ARMOR improves over SFT-D by +25.6% in detection and maintains high reasoning quality. SFT-
S+D reasoning collapses from 0.644 to 0.177, showing that naively mixing dense and sparse data
prevents generalization. In the harder S→A setting, ARMOR outperforms SFT-D by +13.3% in de-
tection and +14.6% in reasoning, and substantially exceeds SFT-S+D. These results show that our
model consistently improves both detection and reasoning quality across multiple reasoning metrics.

5.2 ABLATION STUDIES

[Q4] We consider the following ablations to our method evaluated in RLBench. Multitask Pre-
diction employs two heads for prediction and only fine-tunes on unconditioned offline data. This
isolates the benefit of our multi-task architectural design without conditional training or refinement.
Refinement Only uses ARMOR’s architecture to only perform self-refinement at inference, remov-
ing training (except for warm-up) from our algorithm. Offline Imitation removes training on online
transitions, while Online Imitation Only only trains on online transitions. All ablation models are
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